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Abstract 13 
Characterization of the spatio-temporal variability of tree water status is a prerequisite 14 
to conducting precise irrigation management in fruit tree orchards. This study assessed 15 
the suitability of a crop water stress index (CWSI) derived from high-resolution aerial 16 
thermal imagery for estimating tree water status variability in super high density (SHD) 17 
olive orchards. The experiment was conducted at a commercial SHD olive orchard near 18 
Seville (southwestern Spain), with drip irrigated trees under three irrigation treatments 19 
(four plots per treatment in a randomized block design): a full irrigation treatment to 20 
replace the crop water needs (ETc) and two regulated deficit irrigation treatments to 21 
replace ca. 45% of ETc. Meteorological variables, soil moisture content, leaf water 22 
potential, stem water potential and leaf gas exchange measurements were performed 23 
along the irrigation season. Infrared temperature sensors (IRTs) installed approximately 24 
1 m above the canopies were used to derive the required Non-Water-Stressed Baselines 25 
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(NWSBs) for CWSI calculation. NWSBs were not common during the growing season, 26 
although the seasonal effect could be partly explained with solar angle variations. A 27 
thermal camera installed on a mini Remotely Piloted Aircraft System (RPAS) allowed 28 
for the recording of high-resolution thermal images on 5 representative dates during the 29 
irrigation season. The CWSI values derived from aerial thermal imagery were sensitive 30 
to the imposed variations in tree water status within the SHD olive orchard. Among the 31 
recorded variables, maximum stomatal conductance showed the tightest correlation with 32 
CWSI. We concluded that high-resolution thermal imagery captured from a mini RPAS 33 
is a suitable tool for defining tree water status variability within SHD olive orchards. 34 
Keywords: CWSI, Olea europaea, precision irrigation, spatial variability, transpiration. 35 
1. Introduction 36 
Hedgerow olive orchards with high plant densities (> 1500 trees ha-1), or super high 37 
density (SHD) olive orchards, have expanded dramatically since the early 1990s. Over 38 
100,000 ha are currently under this management system, half of them in Spain (Rius 39 
and Lacarte, 2010). Most SHD olive orchards are under irrigation, requiring ca. 5000 40 
m3 ha-1 to replace maximum crop evapotranspiration in semi-arid areas such as SW 41 
Spain (Fernández et al., 2013). This explains the increasing interest in developing 42 
precision irrigation techniques to increase water productivity (Cuevas et al., 2013; Egea 43 
et al., 2016; Fernández et al., 2013; Gómez Del Campo and García, 2013; Padilla-Díaz 44 
et al., 2016). The spatial variability in crop water needs caused by soil heterogeneity and 45 
differences in canopy cover may be an important limitation for efficient irrigation when 46 
water is applied uniformly across the orchard (Couvreur et al., 2016). Characterization 47 
of the spatial variability of crop water needs is therefore a prerequisite to apply precise 48 
irrigation management within SHD olive orchards. It will allow to supply different 49 
irrigation amounts to zones within the orchard with different water requirements. 50 
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Mapping the spatio-temporal variability of tree water needs with conventional methods 51 
such as the pressure chamber (Scholander et al., 1965) is time and labor consuming 52 
(Jiménez-Bello et al., 2011). In addition, the reliability of the information provided by 53 
the pressure chamber decreases when the species shows an isohydric behavior, 54 
characterized by a strong stomatal regulation that avoids marked decreases in leaf water 55 
potentials under conditions of low soil water and high evaporative demand (Fernández, 56 
2014). There are other conventional although reliable indicators of water stress, such as 57 
the stomatal conductance but, once again, measurements must be made manually 58 
(Jones, 2007). 59 
Remote sensing techniques offer a promising alternative to traditional tree water status 60 
measurements, as they provide a snapshot of the whole orchard over a reduced period of 61 
time. The advent of Remote Piloted Aerial Systems (RPAS) has offered an opportunity 62 
to develop remote sensing-based methodologies for precision irrigation more affordably 63 
than the costly airborne campaigns with manned aircrafts and with higher spatial and 64 
temporal resolutions than those normally offered by satellites.  65 
Various sources of remotely sensed imagery, with differences in spectral, spatial, 66 
radioactive and temporal characteristics, are known to be suitable for different purposes 67 
of vegetation mapping (Xie et al., 2008). Among these sources, thermal imagery of 68 
vegetation is becoming popular for water stress detection and for irrigation management 69 
purposes (Bellvert et al., 2015b; Berni et al., 2009). This is due to the existing 70 
relationship between crop transpiration rate and canopy temperature through a cooling 71 
effect that the former exerts on vegetation temperature (Maes and Steppe, 2012). Since 72 
the refinement of the technique for measuring crop surface temperature with infrared 73 
thermometers in the 1960s (Fuchs and Tanner, 1966), thermal remote sensing has been 74 
extensively used to diagnose plant water stress in multiple crop species (Hatfield et al., 75 
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1985; Nielsen and Anderson, 1989; Sepulcre-Cantó et al., 2006; Testi et al., 2008). 76 
Variations in crop temperature are due to water stress, but are also affected by various 77 
meteorological and morphological factors (Maes and Steppe, 2012). Therefore crop 78 
temperature must be normalized before being used as water stress indicator. At the early 79 
1980s, Idso et al. (1981) and Jackson et al. (1981) developed the concept of CWSI, a 80 
normalized index that overcomes the influence that other environmental variables play 81 
on the relationship between crop temperature and water stress. Since then, CWSI has 82 
been successfully used in a variety of crops, in which temperature readings were often 83 
made with hand-held infrared thermometers (Alderfasi and Nielsen, 2001; Hatfield et 84 
al., 1985). Currently, the combined used of modern high-resolution thermal infrared 85 
cameras and RPAS offer the possibility to map spatial variability in tree water status 86 
from thermal imaging and temperature-derived indicators (Bellvert et al., 2016). As 87 
reviewed in Maes and Steppe (2012), CWSI can be determined by at least three 88 
different methodologies. Among them, the empirical CWSI has attained much more 89 
popularity and become more successful among scientists and non-scientists mainly due 90 
to the limited data requirements and straightforward calculation as compared to the 91 
analytical and direct methodologies (Agam et al., 2013; Maes and Steppe, 2012). Idso et 92 
al. (1981) calculated the empirical CWSI as follows: 93 
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     (Eq. 1) 94 
where Tc-Ta denotes the measured canopy-air temperature difference; (Tc-Ta)LL is the 95 
lower limit of (Tc-Ta) for a given vapor pressure deficit (VPD) which is equivalent to a 96 
canopy transpiring at the potential rate; and (Tc-Ta)UL is the maximum (Tc-Ta), which 97 
corresponds to a non-transpiring canopy. (Tc-Ta)LL is a linear function of VPD (non-98 
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water-stressed baseline, NWSB) that, once empirically obtained, (Tc-Ta)LL is calculated 99 
by solving the baseline equation for the actual VPD.  100 
To our knowledge, there are two reports in the literature that provide empirical NWSBs 101 
for olive trees (Bellvert et al., 2016; Berni et al., 2009). However, both equations are 102 
reasonably different as denoted by the very small (expressed as absolute value) slope (-103 
0.35 ºC kPa-1) obtained by Berni et al. (2009) as compared to that (-2.05 ºC kPa-1) 104 
reported in Bellvert et al. (2016). These differences in the sensitivity of Tc-Ta to VPD in 105 
olive are so important that more research is needed to reduce the degree of uncertainty 106 
in the appropriate NWSB to be used in SHD olive orchards. Moreover, these studies 107 
provided a single NWSB obtained with measurements collected at a certain daytime 108 
(e.g. 12:30 GMT in Berni et al., (2009)), but a comprehensive study on how NWSB 109 
varies both along the day and the season is lacking in olive trees.  110 
To reduce the lack of information mentioned above on the use of CWSI and NWSB in 111 
olive, we design this study according to the following objectives: (i) to determine the 112 
NWSB for olive in a commercial SHD olive orchard as well as its diurnal and seasonal 113 
(throughout the irrigation season) time courses, (ii) to compute CWSI throughout the 114 
irrigation season in trees under three irrigation treatments from the obtained NWSB and 115 
high resolution aerial thermal imagery taken from a mini RPAS, and (iii) to assess the 116 
suitability of the derived CWSI values to estimate the variation of tree water status 117 
within SHD olive orchards. 118 
2. Materials and Methods 119 
2.1. Experimental site  120 
The experiment was conducted in 2015 at a commercial SHD olive orchard near Seville, 121 
in southwestern Spain (37.248979, -5.796538).  Nine year-old olive trees (Olea 122 
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europaea L., cv. Arbequina) were planted with 4 m x 1.5 m tree spacing (1667 trees ha-123 
1). The drip irrigation system consisted of one drip line per tree row and three 2 L h-1 124 
pressure compensating drippers (0.5 m apart) per tree. One flow meter per irrigation 125 
treatment recorded the amount of water applied during each irrigation event. An 126 
irrigation controller (Agronic 2000, Sistemes Electrònics PROGRÉS, S.A., Lleida, 127 
Spain) was used for irrigation scheduling. Trees were fertilized to cover the crop needs 128 
and no weeds were allowed to grow in the inter-row spacing over the spring-summer 129 
seasons.   130 
The climate of the study area is Mediterranean, with rainfall occurring normally from 131 
late September to May. The average annual value of potential reference 132 
evapotranspiration (ET0) and precipitation calculated for the 2002-2014 period from 133 
data recorded by a standard weather station belonging to the Andalusian government 134 
and located near the orchard, were 1528 mm and 540 mm, respectively. Table 1 shows 135 
the weather data (monthly averages) recorded over the experimental year. The orchard 136 
soil has a sandy loam top layer (0.0-0.4 m) and a sandy clay layer (0.4-1.0 m) 137 
underneath. The electrical conductivity of the saturated soil-paste (ECe), pH and 138 
organic matter content determined in the 0.0-0.4 m soil layer were 2.5 dS m-1, 6.34 and 139 
0.28%, respectively. 140 
2.2. Irrigation treatments 141 
Three irrigation treatments were established in the orchard, as described in Padilla-Díaz 142 
et al. (2016): a full irrigation treatment (FI) in which the trees were irrigated daily for 143 
the whole irrigation season to supply 100% of the irrigation needs (IN), and two 144 
regulated deficit irrigation treatments (45RDI) for which the total water supplied during 145 
the season was aimed to replace 45% of IN. One of the 45RDI treatments was scheduled 146 
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on the basis of the crop coefficient method (45RDICC), whereas the other 45RDI 147 
treatment was scheduled from leaf turgor related measurements (45RDITP) made with 148 
ZIM probes (Zimmermann et al., 2008). The 45RDI trees were irrigated with enough 149 
water to replace IN in three periods of the year when olive is most sensitive to water 150 
stress (Fernández, 2014): from the last stages of floral development to full bloom 151 
(period 1, mid-April), at 6 to 10 weeks after full bloom (period 2, June) and some 3 152 
weeks prior to ripening (period 3, from late August to mid-September). For the rest of 153 
the year just one or two irrigation events per week are applied. The crop coefficient 154 
method was applied for scheduling irrigation in both the FI and 45RDICC treatments, 155 
with crop coefficients adjusted for the orchard conditions by Fernández et al. (2013). 156 
For the 45RDITP treatment irrigation was scheduled from the outputs of the ZIM probes, 157 
which are related to the leaf turgor pressure. We used the approach described by 158 
Padilla-Díaz et al. (2016). Basically, the shape of the daily curves provided by the ZIM 159 
probes and the 3-day weather forecast were used to adjust irrigation on the three periods 160 
mentioned above, such that the irrigation amounts were close or equal to IN on those 161 
periods.  In between the periods and after period 3, all treatments were irrigated with the 162 
crop coefficient approach and according to the 45RDI strategy described by Fernández 163 
(2014). We used four 16 m x 12 m plots per treatment, in a randomized block design. 164 
Each plot contained 32 trees, of which measurements were made on the central 8 trees 165 
to avoid border effects. 166 
2.3. Thermal imagery acquisition 167 
A thermal infrared (TIR) camera (Tau 2 324, FLIR Systems, Inc., Oregon, USA) was 168 
mounted on a multirotor RPAS (Remote Piloted Aerial System) model Phantom 2 (SZ 169 
DJI Technology Co., Ltd., Shenzhen, China). The RPAS is equipped with a GNSS 170 
receptor, has flight autonomy of 25 min and a remote control range of 1,000 m in open 171 
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spaces. The TIR camera was installed to aim vertically downward (nadir view) at the 172 
bottom of the RPAS. The camera spectral range is 7.5–13.5 µm with a resolution of 324 173 
x 256 pixels, a focal length of 9 mm, and a field of view of 49° (H) x 39° (V). The 174 
RPAS was flown across the experimental orchard on five clear sky days, at 20 m above 175 
the ground level and at solar noon, delivering thermal images with a ground spatial 176 
resolution of 5 cm. The thermal images were stored on board in a raw format with 14-177 
bit radiometric resolution. At the time of each flight, surface temperature measurements 178 
of ground targets were used for indirect calibration of the thermal imagery (Bellvert et 179 
al., 2014; Dupin et al., 2011). In particular, a cold (wet cotton sheet) and hot references 180 
(40 cm x 50 cm black plastic panels) located in the center of each experimental plot 181 
along with four monitored trees with infrared thermometers (IRTS) (Section 2.4) were 182 
used as ground targets. The cold and hot references were measured with a hand-held 183 
infrared thermometer model FLUKE 62 Max (FLUKE, Washington, DC, USA).   184 
2.4. Measurements at ground level 185 
Volumetric soil water content (θ) was measured in all plots (n=4) with a PR2-type 186 
Profile Probe (Delta-T Devices Ltd, Cambridge, UK). On each location, measurements 187 
were made at 0.1, 0.2, 0.3, 0.4, 0.6 and 1.0 m depth, once every 7-10 days throughout 188 
the irrigation season. The θ measurements were always performed after an irrigation 189 
event, between 10:00 and 12:00 Greenwich Mean Time (GMT), i.e. close to solar noon 190 
at the longitude of our experimental site. The probe was calibrated in situ by Fernández 191 
et al. (2011). The θ values were used to calculate changes in the relative extractable 192 
water (REW) for all treatments, as described elsewhere (Fernández et al., 2013). The 193 
midday stem water potential (st) was measured with a Scholander-type pressure 194 
chamber (PMS Instrument Company, Albany, Oregon, USA) on the same days that the 195 
RPAS was flown. One leaf per tree, from the inner part of the canopy, was wrapped in 196 
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aluminum foil ca. 2 h before sampling, in two representative trees per plot (n=8). 197 
Measurements of st were made at 11:30 – 12:30 GMT when minimum daily values are 198 
usually recorded in olive. Stomatal conductance (gsm) was measured on the same days 199 
and on the same trees where st was measured, but between 09:00–10:00 GMT, the 200 
time of maximum daily stomatal conductance in this species (Fernández et al., 1997). A 201 
Licor LI-6400 portable photosynthesis system (Li-cor, Lincoln Nebraska, USA) with a 202 
2 cm × 3 cm standard chamber that was used to measure gsm and leaf transpiration rate 203 
(Em) in sunny leaves of current-year shoots from the outer part of the canopy facing SE 204 
and in ambient light ( 1,500 μmol m−2 s-1) and CO2 (370 – 400 μmol mol−1) conditions. 205 
Four Infrared Remote Temperature Sensors (IRTs) (model IR120, Campbell Scientific 206 
Ltd., Shepshed, UK) were mounted over two representative trees of one out of four 207 
plots in FI and 45RDITP treatments. The sensors had an angular field of view of 20º 208 
(half angle), and the accuracy over the calibrated range was  0.2 ºC. The IRTs were 209 
mounted on galvanized steel masts with a horizontal mounting arm (model IR1X0, 210 
Campbell Scientific Ltd., Shepshed, UK) ending with a white PVC solar shield (model 211 
IR-SS, Campbell Scientific Ltd., Shepshed, UK) to protect the sensor. The IRTs were 212 
mounted to aim vertically downward (nadir view), targeting the center of the canopy 213 
from a distance of approximately 1 m. The dense canopies typical of hedgerow olive 214 
orchards allowed the IRTs to view mostly foliage in a circular area of approximately 0.7 215 
m diameter at the top of the canopy. The IRTs were connected to two dataloggers 216 
(model CR1000, Campbell Scientific Ltd., Shepshed, UK), which recorded the canopy 217 
temperatures (Tc) every minute and stored the 15-min averages. The canopy temperature 218 
measurements began on June 16th, 2015 (DOY 167) and continued with a sole 219 
interruption of 12 days due to power outage until November 5th (DOY 275). 220 
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Values of Tc measured with the IRTs above the FI trees were used to derive the Non-221 
Water-Stressed Baselines (NWSB) for CWSI calculation. Only clear-sky days were 222 
used for NWSB determination. Clear-sky days following a rainfall event were also 223 
discarded to avoid errors associated with wet foliage. Air temperature (Ta) along with 224 
VPD data recorded in the orchard every 30 min with a Campbell weather station 225 
(Campbell Scientific Ltd., Shepshed, UK) at the same time that Tc were used to derive 226 
the NWSB of the SHD olive orchard.  227 
2.5.  Image processing and CWSI calculation 228 
The thermal images taken with the RPAS (Fig. 1) were used to calculate the mean 229 
canopy temperature (Tc) of each experimental plot. Only the central 8 trees of each plot 230 
were used to calculate the mean Tc to avoid border effects. An image segmentation 231 
algorithm written in R (R Core Team, 2015) was used to extract pure vegetation pixels 232 
from the thermal image. At solar noon, the effects of tree shadow are minimized, and 233 
the thermal images are composed mainly of canopy, soil and mixed plant-soil pixels. 234 
Firstly, vegetation pixels from a bi-modal histogram (i.e. a histogram with two clearly 235 
differentiated peaks ascribed to soil and vegetation pixels in the point cloud) (Fig. 2) 236 
were selected with the mentioned algorithm. Then, the ‘full width at one-eighth 237 
maximum (FWEM)’ rule was used to distinguish the pixels with high probability of 238 
being pure vegetation from pixels that were likely to be mixed vegetation with soil 239 
and/or shadow effects. The FWEM rule is similar to the ‘full width at half maximum’ 240 
(FWHM) rule that has been previously used to extract pure vegetation pixels from olive 241 
canopies (Rud et al., 2015), but differed in the amplitude of the selected histogram (one-242 
eighth of the maximum in FWEM versus half the maximum in FWHM). FWHM 243 
demonstrated a lack of suitability for segmenting thermal images with multiple trees 244 
that differ greatly in their Tc, since vegetation pixels from trees with severe water stress 245 
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can be erroneously discarded by the FWHM rule (Fig. 3). The selected segment 246 
resulting from the FWEM rule was then used to compute the mean Tc for each 247 
experimental plot.  248 
Mean Tc was used to calculate the CWSI for each experimental plot using Eq. 1. For 249 
each day of flight, (Tc-Ta)LL was calculated from the NWSB that was determined with 250 
the IRTs, as described in Section 2.4 and with the actual air VPD. The value of (Tc-251 
Ta)UL was determined as Ta + 5ºC based on previous studies conducted in different crop 252 
species (Irmak et al., 2000; Möller et al., 2007), including olive trees (Agam et al., 253 
2014, 2013; Ben-Gal et al., 2009; Rud et al., 2015). 254 
2.6. Statistical analyses  255 
The relationships between Tc-Ta and VPD (NWSBs) as well as between CWSI and the 256 
physiological measurements were analyzed through linear regression analyses. The 257 
diurnal time-course of slopes and intercepts of the derived NWSBs was modeled 258 
through non-linear regression analysis. In all cases, the coefficient of determination (R2) 259 
was used to assess the goodness of fit of the associations among variables. Significant 260 
differences between slopes and non-zero intercepts of the NWSBs obtained diurnally 261 
and seasonally were evaluated with the Comparison of Regression Lines tool included 262 
in the statistical package Statgraphics (Statgraphics Centurion XV).  263 
3. Results 264 
3.1. Non-Water-Stressed Baselines 265 
The relationship between hourly T (Tc – Ta) and VPD values derived for FI olive trees 266 
in clear-sky days throughout the study period, did not yield any significant relationship 267 
when all hours and days were pooled together (data not shown). The relationships 268 
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became significant when T and VPD were regressed for a given time of the day, as 269 
shown in Table 2. The coefficients of determination (R2) were notably affected by the 270 
daytime. The highest R2 were observed early in the morning (R2 = 0.74 at 8.00 GMT). 271 
These values decreased progressively down to 0.28 (14:00 GMT), recovering partially 272 
afterwards (R2 = 0.51 at 18.00 GMT). The intercepts and slopes of the fitted NWSBs 273 
also varied throughout the day. The intercepts were higher at midday (2.50 at 12:00 274 
GMT) and lower in the morning and afternoon whereas the slopes showed an increasing 275 
trend throughout the day (from -0.77 ºC kPa-1 at 8.00 GMT to around -0.3 ºC kPa-1in the 276 
evening). 277 
In addition to the diurnal effect on the NWSBs, a marked seasonal effect in the T vs 278 
VPD relationship was also observed (Fig. 4), as the NWSB shifted in August (Period B) 279 
and September (Period C), compared to the values derived in June-July (Period A). 280 
When T and VPD of a given time of the day and for a given phenological period were 281 
regressed, the level of agreement of the NWSBs increased significantly, and the diurnal 282 
effect of R2 observed using pooled data (Table 2) was not noticed (Table 3). Seasonal 283 
variations in the NWSBs were mainly due to significant variations in the NWSB-284 
intercepts, as the NWSB-slopes remained almost invariant throughout the irrigation 285 
season (Table 3).  As observed for the NWSBs obtained with pooled data (Table 2), the 286 
NWSBs derived during the three periods of study (A, B and C) also exhibited a strong 287 
diurnal variation (Fig. 5). The diurnal time-course of the NWSB-intercepts was 288 
successfully modeled with fourth-order polynomial equations during the three periods 289 
of study (A, B and C) (Fig. 6), whereas that of the NWSB-slopes was successfully 290 
modeled with second-order polynomial equations (Fig. 7). In order to reduce the 291 
empiricism and site specificity of these models, the parameters of the NWSBs obtained 292 
were regressed against the zenith solar angle (Testi et al., 2008). While the relation 293 
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between the NWSB-slopes and zenith solar angle was not significant (data not shown), 294 
the NWSB-intercepts showed a tight relationship with solar angle (Fig. 8). As depicted 295 
in Fig. 8a, this relationship showed a marked hysteresis during periods A and B but not 296 
in period C. When the dataset was split into morning and afternoon data, it was 297 
observed that the relationship NWSB-intercept vs solar angle was season-dependent 298 
during the morning hours only (period C differed from A and B) (Fig. 8b), whereas no 299 
seasonal effect on NWSB-intercept was observed during the afternoon (Fig. 8c). 300 
3.2. Crop Water Stress Index derived from IRTs and RPAS  301 
The canopy temperature measurements obtained with the IRTs and with the thermal 302 
camera mounted on the RPAS were used to derive the seasonal dynamics of CWSI in 303 
the irrigation treatments (Figs. 9a, b). The CWSI obtained from the IRT readings was 304 
markedly influenced by the irrigation regime (Fig. 9a). In FI, CWSI values ranged 305 
within the interval -0.17 to 0.15 throughout the irrigation season, with a mean value of 306 
0.00. During the first water stress period depicted in Fig. 9 (DOY 174-236), the deficit 307 
irrigation treatment monitored with the IRTs (45RDITP) exhibited values of CWSI that 308 
were much higher than those found in FI trees, up to approximately 0.7 (Fig. 9a). 309 
During the last water stress period (DOY 258 onwards), the differences in CWSI 310 
between FI and 45RDITP were lower, with values close to 0 and 0.2, respectively.  311 
The CWSI values determined from aerial thermal imaging in FI, 45RDITP and 45RDICC 312 
treatments are depicted in Fig. 9b. The FI trees exhibited values of CWSI that ranged 313 
from -0.07 to 0.17, with mean seasonal values of 0.04. The 45RDITP and 45RDICC 314 
treatments showed similar trends, with maximum values close to 0.8 observed during 315 
the first water stress period. The differences in CWSI between FI and 45RDI treatments 316 
for DOY 239 and 281 were much smaller and not statistically significant, with mean 317 
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values close to 0.3-0.4 in 45RDITP and 45RDICC and close to 0 in FI. The seasonal trend 318 
of CWSI derived from aerial thermal imaging was similar to that of REW (Fig. 9c), 319 
which also revealed significant differences between FI and the 45RDI treatments during 320 
the first water stress period but not afterwards.            321 
3.3. Relationship between CWSI and other plant-based water status indicators 322 
The CWSI values derived from aerial thermal imaging for the five days of flight and the 323 
three irrigation treatments were plotted against stem water potential (st), leaf water 324 
potential (l), stomatal conductance (gsm) and leaf transpiration rate (Em) (Fig. 10). In 325 
all cases, significant (P <0.01) linear regressions were observed. The goodness of fit of 326 
the relationship between st and l with CWSI were similar, with coefficients of 327 
determination close to 0.7 (Figs. 9a, 9b). The relationship between leaf transpiration rate 328 
(Em) and CWSI was somewhat weaker than that previously described for st and l, 329 
with a coefficient of determination of 0.6 (Fig. 10d). Stomatal conductance (gsm) was 330 
the physiological variable that exhibited the tightest linear relationship with CWSI, with 331 
a coefficient of determination of 0.91 (Fig. 10c).  332 
4. Discussion 333 
The diurnal variation observed in the non-water-stressed baselines (NWSBs) derived for 334 
olive trees (Fig. 5) has already been described in other woody species, such as pistachio 335 
(Testi et al., 2008) and grapevine (Bellvert et al., 2014). Both of these studies found that 336 
diurnal shifts in the NWSBs were mainly due to variations in the NWSB-intercept, as 337 
the slope of the baselines was rather stable. As explained theoretically by Jackson et al. 338 
(1981), the intercept of the NWSB is expected to increase with solar radiation and to 339 
decrease with wind speed. In our case study, diurnal variations of the NWSB-intercept 340 
due to wind speed are unlikely since the experimental area is not particularly windy 341 
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(diurnal wind speed was below 2 m s-1 most of the days) and the effect of low to 342 
moderate wind speed on NWSB has been reported to be negligible (Testi et al., 2008) , 343 
although it has to be noted that was in a different species with different aerodynamic 344 
conductance for sensible heat flux. Therefore, the observed diurnal variation in the 345 
NWSB-intercept (Tables 2, 3) was likely driven by solar radiation, as evidenced by the 346 
tight relationship found with zenith solar angle (Fig. 8). As compared to previous 347 
findings in which NWSB-intercept and solar angle were linearly related (Testi et al., 348 
2008), in our olive trees the relationship showed a marked hysteresis during periods A 349 
and B (Fig. 8a). This behaviour indicates that, for similar radiation and VPD levels, the 350 
cooling effect of transpiration in the summer (periods A and B) is higher during the 351 
morning hours. This can be due to the fact that, in olive, stomata opening is greater in 352 
the morning than in the afternoon (Fernández et al., 1997). Therefore, transpiration and 353 
its cooling effect is also greater in morning than in afternoon hours. Unlike what has 354 
been observed in previous studies on woody crops (Bellvert et al., 2014; Testi et al., 355 
2008), the diurnal evolution of the NWSB-slope in olives was stable only from 12:00 356 
GMT onwards, whereas an increasing trend that was more pronounced as the season 357 
progressed was observed between 8:00 to 12:00 GMT (Fig. 7).  358 
Compared to other crop species, the NWSB-intercept derived for olives (the maximum 359 
was approximately 3.5 ºC for period A and close to 3ºC in periods B and C; Fig. 6) was 360 
within the order of magnitude of those found in the literature for other herbaceous (Idso, 361 
1982) and woody crop species (Bellvert et al., 2015a; Testi et al., 2008). However, the 362 
NWSB-slope (maximum values around -0.5 ºC kPa-1 for periods A and B and close to -363 
0.7 ºC kPa-1 in period C; Fig. 7) derived for olives was substantially lower (expressed as 364 
an absolute value) than the slopes derived for other crop species, with the sole exception 365 
of the values derived for citrus trees (Gonzalez-Dugo et al., 2014). In herbaceous crops, 366 
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Idso (1982) found NWSB-slope values within the interval -3.25 ºC kPa-1 to -1.23 ºC 367 
kPa-1, whereas in other fruit tree species the corresponding midday values were around -368 
1.35 ºC kPa-1 (pistachio), -1.7 ºC kPa-1 (peach) and -1.9 ºC kPa-1 (vineyard) (Bellvert et 369 
al., 2016, 2014; Testi et al., 2008). In olive trees, two previous studies provide 370 
controversial NWSB-slope values, as denoted by the very small slope (-0.35 ºC kPa-1) 371 
obtained by Berni et al. (2009) compared to that (-2.05 ºC kPa-1) reported by Bellvert et 372 
al. (2016). Our findings are in agreement with the small slope value found by Berni et 373 
al. (2009), who argued that this value was a consequence of the small size of olive 374 
leaves, which makes them to be highly coupled to the atmosphere, causing a marked 375 
stomatal closure when the evaporative demand increases, even in trees under non-376 
limiting soil water conditions (Fernández et al., 1997). 377 
Seasonal differences in the NWSBs were already reported early in the 1980s for two 378 
herbaceous crops, wheat and barley (Idso, 1982), but little is known about the seasonal 379 
stability of the NWSBs derived for many others herbaceous and woody crop species. In 380 
peach trees, within season differences in the NWSB were small (Bellvert et al., 2016); 381 
thus, a unique NWSB for the whole growing season was recommended by the authors. 382 
In olive trees, Berni et al. (2009) obtained their NWSB (Tc− Ta=−0.35·VPD+2.08, 383 
R2=0.67) by computing the values from clear days (12:30 GMT) from April to 384 
September. They did not report any seasonal effect on such a relationship, but stressed 385 
the high scatter and the low slope as compared to those reported by other authors. By 386 
comparing their NWSB with the one obtained in this study (Tc− Ta=−0.36·VPD+2.50, 387 
R2=0.49) for the period June-September at a similar time (12:00 GMT, Table 2), it can 388 
be observed that there are no differences in the slopes and the intercepts are very 389 
similar. Therefore, a plausible explanation for the high scatter reported by Berni et al. 390 
(2009) is a within-season shift in the NWSB, like the one shown by our results. 391 
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Recently, Bellvert et al. (2015a) found that some vineyard cultivars exhibited seasonal 392 
NWSB shifts, which were associated to variations in the energy balance of the canopy, 393 
zenith solar angle or leaf orientation. In our case study, the seasonal shift of the NWSBs 394 
(Figs. 6, 7) was partly explained by variations in zenith solar angle (Fig. 8). In fact, the 395 
seasonal variation of NWSB-intercept derived for afternoon hours could be explained 396 
by zenith solar angle variations (Fig. 8c). However, this could not be done for the 397 
morning NWSB-intercept values, since NWSB-intercept of period C was higher than 398 
that of periods A and B for similar solar angles (Fig. 8b). In any case, the robustness of 399 
the derived NWSB to be used for irrigation scheduling, as well as its daily and seasonal 400 
dynamics, should be assessed in different locations and cultivars similarly to what has 401 
been performed for other olive water status indicators (Corell et al., 2016).   402 
Although the CWSI values calculated from IRTs and RPAS are not fully comparable, 403 
since the former was calculated from measurements collected at one out of the four 404 
plots used to compute CWSI from RPAS measurements, both indicators followed the 405 
same seasonal trend and depicted values within the same order of magnitude, both for 406 
the FI and 45RDITP treatments (Fig. 9). Although CWSI is supposed to vary within 0 407 
and 1, slightly negative values of CWSI may also be found in well-watered plants, as in 408 
our FI trees (Figs. 9a, b), due to the data scatter of the NWSBs (Bellvert et al., 2015a; 409 
Testi et al., 2008). Values of CWSI derived from the FI trees with both sensing 410 
platforms throughout the irrigation season were close to zero. The deficit treatment that 411 
was monitored with IRTs and RPAS exhibited the highest values during the first water 412 
stress period depicted in Fig. 9 (end of June-end of August), reaching ca. 0.7 and 0.8 413 
respectively for REW values ca. 0.2 (Fig. 9c). The close matching in CWSI trends 414 
among proximal (IRTs) and remote (RPAS) thermal sensing indicates that the Tc 415 
measurements derived from the mini RPAS using a segmentation method based on a bi-416 
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modal histogram analysis and the FWEM rule are suitable for monitoring the CWSI in 417 
SHD olive orchards.  418 
The suitability of CWSI as a water stress index for SHD olive orchards was also 419 
demonstrated through the sound relationships found between CWSI and the reference 420 
plant water stress indicators, such as st, l, gsm and Em (Fig. 10). Interestingly, the 421 
CWSI explained 91% of the variability observed in gsm across treatments and 422 
phenological periods (Fig. 10c), whereas the variability of st, l and Em that could be 423 
explained with CWSI was only 60%-73% (Figs. 10a, 10b and 10d). These results are in 424 
agreement with the theoretical basis of CWSI (Maes and Steppe, 2012) which denotes 425 
that, under water stress, variations in CWSI are driven by variations in Tc and gsm is a 426 
main driving physiological variable. However, and due to the near-isohydric behavior of 427 
the olive tree (Cuevas et al., 2010), decreases in leaf and stem water potential under 428 
conditions of water stress are minimized by stomatal regulation, thus explaining the 429 
poorer relationships found between CWSI and these variables. In a previous work 430 
conducted in an olive orchard with less tree density than ours, Berni et al. (2009) also 431 
found that CWSI was linearly related to both gsm and l and that CWSI was better 432 
correlated with gsm than with l. However, gsm is not always better correlated with 433 
CWSI than l, as recently found in nectarines (Bellvert et al., 2016). Despite that leaf 434 
transpiration (Em) and gsm are strongly related (Jones, 1992), the relationship between 435 
CWSI and Em was weaker than that with gsm (Fig. 10), likely because Em depends not 436 
only on gsm but also on the boundary layer conductance (gb) (Jones, 1992), whose value 437 
within the leaf cuvette of the gas analyzer set by the user may greatly differ from the 438 
prevailing gb values in the orchard.  439 
19 
 
In the majority of studies performed to assess CWSI performance on fruit tree species, 440 
the variable used to validate the suitability of CWSI as a water status indicator was st 441 
(Gonzalez-Dugo et al., 2014, 2013; Testi et al., 2008) or l (Bellvert et al., 2016, 2015a, 442 
2014). However, reported relationships between CWSI and these variables are not 443 
always linear, as it has also been observed in this study (Figs. 10a, 10b) . For mandarin 444 
and orange trees, for instance, curvilinear relationships have been reported (Gonzalez-445 
Dugo et al., 2014). In other species, such as grapevine (Bellvert et al., 2015a, 2014) or 446 
peach (Bellvert et al., 2016; Gonzalez-Dugo et al., 2013) both linear and curvilinear 447 
relationships have been reported.    448 
5. Conclusions 449 
The Non-Water-Stressed Baseline (NWSB) for CWSI calculation in SHD olive 450 
orchards was not constant throughout the growing season, but its seasonal shift could be 451 
partly explained by variations in zenith solar angle. Both NWSB-intercepts and NWSB-452 
slopes exhibited diurnal variation, but these trends were successfully modeled with 453 
polynomial equations to ease CWSI calculation at any time of the day. In order to 454 
reduce the empiricism and site specificity of these models, a sound relationship between 455 
NWSB-intercept and solar angle was found. The CWSI values derived from high-456 
resolution thermal imagery captured from a mini RPAS demonstrated to be a suitable 457 
indicator for both monitoring water stress and assessing water status variability in SHD 458 
olive orchards. Stomatal conductance had the tightest relationship with CWSI, over 459 
performing other widely used plant water status indicators such as leaf or stem water 460 
potential.  461 
 462 
 463 
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FIGURE CAPTIONS 619 
Figure 1. Thermal mosaic acquired with a FLIR Tau 2 324 thermal camera on board a 620 
RPAS model Phantom 2 observing (left) the experimental SHD olive orchard (white 621 
rectangle), and (right) details of the hot and cold reference surfaces.  622 
Figure 2. Example of bi-modal histogram of temperatures obtained from a thermal 623 
image of an experimental plot. 624 
Figure 3. (left) Fraction of a thermal mosaic in which FI and 45RDICC trees have been 625 
delimited with white and blue dashed rectangles, respectively. The white circles show 626 
the hot reference surfaces. Date of flight: DOY 218; (upper right) thermal image plotted 627 
in the left panel with a superimposed layer denoting the vegetation pixels selected by 628 
the segmentation algorithm based on the full width at half maximum rule (FWHM); 629 
(middle right) thermal image with a superimposed layer showing the vegetation pixels 630 
selected by the segmentation algorithm based on the full width at one fifth maximum 631 
rule (FWFM); (lower right) thermal image with a superimposed layer showing the 632 
vegetation pixels selected by the segmentation algorithm based on the full width at one-633 
eighth maximum rule (FWEM).  634 
Figure 4. Example of seasonal effect on the NWSB (T = a + b·VPD). The upper panel 635 
(a) shows the T vs VPD relationship when data of the period DOY 167-275 are 636 
gathered together. The lower panel (b) shows the same relationship when data are split 637 
in three periods: A (June-July, DOY 167-212), B (August, DOY 215-243), C 638 
(September, DOY 244-273). Only clear-sky days were used in the calculations. In both 639 
panels, data for GMT = 14 h have been used. The straight lines represent the best fit to 640 
the data, whose fitted parameters and coefficients of determination are shown in Tables 641 
2 (panel a) and 3 (panel b).    642 
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Figure 5. Diurnal variation of the NWSB (T = a + b·VPD) for the period June-July 643 
(DOY 167-212).  The upper panel (a) shows the T vs VPD relationship for GMT 8 to 644 
GMT 12. The lower panel (b) shows the same relationship for GMT 13 to GMT 18. 645 
Only clear-sky days were used in the calculations. The straight lines represent the best 646 
fit to the data, whose fitted parameters and coefficients of determination are shown in 647 
Table 3.    648 
Figure 6. Diurnal evolution of the NWSB-intercept (ºC) for the three different periods 649 
of study: A (June-July, DOY 167-212), B (August, DOY 215-243), C (September, DOY 650 
244-273). The lines represent the best-fit to the data. 651 
Figure 7. Diurnal evolution of the NWSB-slope (ºC kPa-1) for the three different 652 
periods of study: A (June-July, DOY 167-212), B (August, DOY 215-243), C 653 
(September, DOY 244-273). The lines represent the best-fit to the data. 654 
Figure 8. Relationship between NWSB-intercepts and zenith solar angle for the period 655 
(a) 08:00-18:00, (b) 08:00-13:00 and (c) 13:00-18:00.  656 
Figure 9. Seasonal time-course of (a) CWSI determined from canopy temperature 657 
measured with the infrared thermometers (IRTS) at 12.00 GMT, (b) CWSI derived from 658 
RPAS thermal imaging (12.00 GMT) and (c) REW. The NWSB shown in Table 3 for 659 
periods A, B & C were used in CWSI calculation. In (a), only clear-sky days were used 660 
for CWSI determination. Each point is the mean of two (a), four (b) and three (c) 661 
replicates per treatment. Down-facing arrows indicate the onset of water stress periods 662 
in RDI treatments; the up-facing arrow indicates the end of a water stress period. The 663 
error bars represent the standard error of the mean (SE). In (b) and (c), asterisks denote 664 
significant differences at P<0.05.  665 
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Figure 10. Relationship between CWSI determined from aerial thermal imaging and (a) 666 
midday stem water potential (st), (b) midday leaf water potential (l), (c) stomatal 667 
conductance (gsm) and (d) leaf transpiration rate (Em) for FI, 45RDICC and 45RDITP 668 
treatments. The straight lines represent the fitted regression lines to the data.  669 
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TABLES 
Table 1. Weather variables measured during 2015 at a nearby standard weather station 
belonging to the Agroclimatic Information Network of the Junta of Andalusia. P (mm): 
rainfall; Ta (ºC): air temperature; RH (%): relative humidity; u (m s-1): wind speed; Rs 
(MJ m-2 d-1): solar radiation; ET0 (mm d-1) is the calculated FAO-Penman Monteith 
reference crop evapotranspiration. The suffixes av, mx and mn indicate the average, 
maximum and minimum, respectively. 
Month P Tav Tmx Tmn RHav RHmx RHmn u Rs ET0
Jan 42.2 8.8 16.0 2.8 82 99 50 2.3 10.3 1.5
Feb 6.8 9.4 15.8 3.4 75 95 45 2.5 12.5 2.1
Mar 42.0 12.8 21.1 5.2 73 95 40 1.7 18.2 3.1
Apr 26.8 16.4 24.0 9.3 71 97 38 1.6 21.5 4.0
May 0.4 21.6 31.4 11.9 50 86 20 1.6 27.6 6.2
Jun 2.2 24.0 32.8 14.8 47 77 23 2.4 28.5 7.3
Jul 0.0 28.1 37.4 18.6 42 66 17 2.6 29.9 8.9
Aug 1.6 26.1 34.3 18.7 50 73 26 2.6 23.6 7.0
Sep 28.6 21.7 29.4 14.8 59 83 31 2.6 20.4 5.2
Oct 73.4 18.7 25.0 13.7 74 92 45 1.9 12.6 2.9
Nov 33.0 13.7 22.1 7.0 68 91 39 1.7 12.5 2.1
Dec 25.2 12.0 20.3 5.5 70 90 42 1.3 9.1 1.6
Year 282.2 17.8 25.8 10.5 63 87 35 2.1 18.9 4.3
 
 
 
 
 
 
 
 
 
Table 2. Fitted parameters for the non-water stressed baselines (Tc-Ta = a + b·VPD). 
Only clear-sky days from day of year 167 to 275 were used in the analyses. GMT: 
Greenwich Mean Time.   
GMT Intercept 
ºC 
Slope 
ºC kPa-1 
R2 
08:00 0.94 -0.77 0.74 
09:00 0.97 -0.67 0.64 
10:00 1.44  -0.61 0.67 
11:00 2.18 -0.55 0.70 
12:00 2.50 -0.36 0.49 
13:00 2.43 -0.30 0.32 
14:00 2.05 -0.32 0.28 
15:00 1.43 -0.30 0.35 
16:00 0.83  -0.30 0.41 
17:00 0.31 -0.31 0.42 
18:00 -0.09 -0.32 0.51 
 
 
 
 
 
 
 
 
 
Table 3. Fitted parameters for the non-water-stressed baselines (Tc-Ta = a + b·VPD) 
determined for three representative periods: A (June-July, day of year -DOY- 167 to 
212), B (August, DOY 215 to 243), C (September, DOY 244 to 273). Only clear-sky 
days were used. GMT: Greenwich Mean Time. 
GMT Period Intercept (ºC) Slope (ºC kPa-1) R2 
08:00 A 1.02a -0.79a 0.72 
08:00 B 1.15a -1.00a 0.68 
08:00 C 1.32a -1.40a 0.75 
     
09:00 A 1.28a -0.73a 0.74 
09:00 B 0.97b -0.83ab 0.56 
09:00 C 1.79b -1.50b 0.82 
     
10:00 A 1.68a -0.64a 0.77 
10:00 B 1.67b -0.89a 0.67 
10:00 C 1.91b -1.02a 0.70 
     
11:00 A 2.60a -0.62a 0.82 
11:00 B 2.06b -0.58a 0.52 
11:00 C 2.84b -0.98a 0.68 
     
12:00 A 3.29a -0.50a 0.82 
12:00 B 2.85b -0.54a 0.71 
12:00 C 2.86c -0.70a 0.56 
     
13:00 A 3.53a -0.47a 0.82 
13:00 B 2.68b -0.45a 0.67 
13:00 C 2.98c -0.71a 0.66 
     
14:00 A 3.42a -0.53a 0.81 
14:00 B 2.76b -0.59a 0.65 
14:00 C 2.35c -0.71a 0.63 
     
15:00 A 2.60a -0.48a 0.82 
15:00 B 2.09b -0.54a 0.76 
15:00 C 1.67c -0.62a 0.60 
     
16:00 A 1.55a -0.41a 0.80 
16:00 B 1.40b -0.49ab 0.65 
16:00 C 1.33c -0.67b 0.66 
     
17:00 A 1.11a -0.45a 0.69 
17:00 B 0.88b -0.50a 0.77 
17:00 C 0.64c -0.68a 0.79 
     
18:00 A 0.56a -0.45a 0.79 
18:00 B 0.56a -0.64b 0.88 
18:00 C 0.01b -0.64ab 0.90 
Different letters within each GMT denote significant differences at P < 0.05. 
